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To design buildings with high energy efficiency is a primary objective of green building design. Architects and engineers rely on 
building energy simulation models to calculate the energy consumption of buildings and to assist them in making  design decision. 
However, none of the building energy simulation models is immune to the influence of uncertainties. Uncertainty is associated 
with building energy simulation models and efficient design of building energy is an important subject in the field of building 
physics. This paper starts with introducing the concept of uncertainty associated with efficient design of building energy, followed 
by distinguishing two types of uncertainty, namely subjective uncertainty caused by designers and objective uncertainty rooted in 
energy simulation models. The focus is placed on identifying different categories of uncertainty sources involved in energy 
simulation models using EnergyPlus as a representative. Three categories of uncertainty sources are analyzed and the means 
to quantify them are discussed. Finally, uncertainty transfer involved in the EnergyPlus model is studied. Three approaches to 
calculate the uncertainty of the output parameter, i.e., the space conditioning load, are proposed. 
© 2015 The Authors. Published by Elsevier Ltd. 
Peer-review under responsibility of the CENTRO CONGRESSI INTERNAZIONALE SRL. 
 






An energy-efficient building design has a long history in architectural design. In the past, green architectural 
design was usually carried out by architects subjectively. At present, however, performance simulation tools are 
widely used in different design stages to assist in building design and evaluation. 
The mathematical models of these tools consist mainly of three parts: input variables, theoretical model, and 
output variables. Energy consumption is represents building performance. Therefore, the inputs of its simulation tool 
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are the factors that affect building energy consumption, such as the thermodynamic properties of building envelope, 
air conditioning systems, human activity in particular zones, and equipment usage, among others. However, almost 
all these factors remain relatively ambiguous in each design phase. For example, in the schematic design phase of a 
building, the exterior-protected construction is usually undetermined. If architects attempt to perform energy 
consumption simulation to assist the design at this point, building envelopes will be set on assumptions that may be 
inconsistent with the actual ones built later. Based on energy consumption calculation models, the uncertainty of 
input variables will influence that of energy consumption. 
However, none of the existing energy consumption simulation tools has paid attention to the issue of uncertainty 
in energy consumption calculation. This phenomenon may cast doubt on the calculation accuracy of energy 
consumption, and such uncertainty may mislead architects to make erroneous decisions. 
To address this uncertainty issue, this article explores the topic in four parts. First, the literature review is presented 
grouped into two classifications: sources of uncertainty and uncertainty analysis methods in building energy 
consumption. Second, this article classifies uncertainty sources into three categories (weather file uncertainty source, 
measured parameter uncertainty source, and empirical parameter uncertainty source) and presents various methods 
to define the range of indeterminacy of each source. Third, three approaches are proposed to introduce uncertainty 
into a calculation model of energy consumption (with EnergyPlus as an example) based on its theoretical model. All 
three approaches are shown to rely on specific technologies. Fourth, a technology for the purpose of executing 
the third approach is explored. 
 
2. Literature Review 
 
2.1. Uncertainty sources 
 
Research on the uncertainty of constructing energy consumption design includes several topics. 
One topic is the “sources of uncertainty.” Marques et al. [1] evaluated the reliability of passive systems by 
identifying the sources of uncertainty and determining the important variables. Macdonald [2] quantified the effects 
of uncertainty in building simulation by considering the internal temperature, annual energy consumption, and peak 
loads. In [3], uncertainty analysis was partially applied by reviewing various sources of uncertainty. De Wit [4] 
determined the uncertainties in material properties and those that stem from model simplification in design evaluation. 
In [5,6], uncertainties in physical properties and various scenarios were used to make decisions on climate 
change. Wastiels and Wouters [7] discussed the findings of three studies that investigated the selection process 
of architectural materials at different stages of the design process. The studies identified several considerations in the 
selection of architect materials, which were organized into four categories: context, manufacturing, material aspects, 
and experience. Struck et al. [8] investigated and compared emergent option spaces and their inherent uncertainties 
between artificial settings (e.g., student design studios) and real-life scenarios (commercial design project case studies). 
Overall, recent studies are characterized by the following: (1) researchers mainly focus on exploring the sources of 
uncertainty rooted in energy simulation tools; (2) sources of uncertainty in specific cases are listed, but only a few 
systematic studies have been conducted on uncertainty sources in general cases and the classification of these 
sources is not clear; (3) though the subjective design decisions of architects play an important role in building energy 
consumption, only a few studies have focused on subjective uncertainty sources. 
 
2.2. Uncertainty Analysis Methods 
 
In studying the transmission of uncertainty, the core issue is designing “uncertainty and sensitivity analysis 
methods in building energy simulation.” This problem can be solved by identifying uncertainties in inputs and 
outputs of a system or simulation tool [2,9]. Generally, uncertainty analysis methods can be divided into two broad 
categories, internal approach and external approach, which are distinguished on the basis of whether they rewrite 
theoretical equations. 
Most studies on uncertainty use an external approach. For example, using the quantitative uncertainty and Monte 
Carlo uncertainty propagation methods, Lu [10] quantified the uncertainty of building energy consumption data and 
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demonstrated the basic procedure of Monte Carlo analysis. Hygh et al. [11] utilized EnergyPlus, a building energy 
simulation program, within a Monte Carlo framework to develop a multivariate linear regression model. Burhenne 
[12] utilized Monte Carlo simulations to analyze the uncertainty associated with model parameters of a building 
using domestic hot water and a solar thermal collector for heating. However, only a few studies used the internal 
approach for uncertainty study of energy-saving design. In [13], uncertainty bands were applied to the input data and 
were propagated through the building model to determine their impact on the peak cooling load. 
The above literature review shows that (1) most recent studies on the uncertainty of energy-saving design focus 
on the application of external approach, which is easier to apply; and (2) various external approaches are used but 




The first task of this article is to systematically study different types of uncertainty sources in  energy consumption 
simulation tools. These sources are classified into three types: parameters from weather files, measured parameters, 
and empirical parameters. Furthermore, this article shows how to identify the range of parameters for each type of 
source. To understand the uncertainty sources better, the study takes EnergyPlus as an example. 
 
3.1. Different Types of Uncertainty 
 
3.1.1. Uncertainty of weather data 
 
The initial sources of weather data in EnergyPlus vary with different countries and regions. In this paper, Typical 
Meteorological Year is used as an example to explain the uncertainty of weather data. Typical meteorological year is 
based on monthly average data for nearly 30 years. For example, data for January are extracted from one of the 
recent 10 years that is closest to the average of the 30 years’ worth of January data. The data for other months can be 
determined in the same manner. 
The weather data of Typical Meteorological Year are not the same as those for actual years, thus leading to 
uncertainty. How, then, do we assess the degree of uncertainty? The following is an example. 
a0 : A type of parameter in the Typical Meteorological Year 
a: The historical parameter of this type during a specific year 
aa : The actual parameter of the simulated year 
In this case, we assume that the initial historical database contains weather data from 1984 to 2013. For better 
understanding, a changing curve can be drawn in which the abscissa axis represents the years and the longitudinal 
axis represents the actual values of a (here we suppose it to be Temperature). 
After obtaining the initial weather database of 30 years and the Typical Meteorological Year weather data, the 
steps below are followed: 
x Calculate the daily mean temperature of the 30 years. 
x Obtain the January First temperature of the 30 years and draw a temperature-changing curve. 
x Calculate the average value of these 30 points, which is recorded as a . The variance of these temperatures is 
recorded as   2 . The January First temperature of the Typical Meteorological Year is 
a 
a0 . The actual January 
First temperature of a simulated year is calculated using aa    a0  (a  a0 )  e , where a  a0 is recorded as'
and represents the difference between historical average temperature and Typical Meteorological Year 
temperature, and e is the difference between the historical temperature of January First of each year and the 
historical average temperature. 
x Another curve can be composed to show the probability distribution of the historical temperature. Therefore, a 
proximately fitting probability distribution function is obtained, which can be normal distribution, positive- 
skewed distribution, Poisson distribution, or other distributions. For clarity, we assume that the result is normal 
distribution. Therefore, the temperature range is calculated when the confidence coefficient is 99.7% (assuming 
that the other 0.3% is a rare event), and we obtain the temperature range as a r 3Va (other distributions may be 
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e 
1 2 365 1 2 365 
different depending on the detailed calculation). Therefore, e   3V
a   
and a  a0 is easily obtained. x Similarly, the temperature uncertainty e and ' of other dates can be calculated separately and recorded as 
e   e +…+e and '  
365 
x Draw the uncertainty curve (date), with the abscissa axis representing the dates and the longitudinal axis 
representinge. 
x Calculate the average value of uncertainty e and the variance G 2 , and then draw its density probability plot 
and fit the probability density function of e. 
x As with the previous functions, numerous possible results may be obtained for this probability density 
function. If the result is normal distribution, the range of uncertainty e is e r 3Ve . Therefore, we obtain 
a =a +(a   a )+e=a  '1  '2 +…+'365    r max^e+3V ˈ e  3V `
a 0 0 0 e e 
365 . 
This method may be used to calculate uncertainty of dry-bulb temperature, wind speed, and solar radiation, 
among others. 
 
3.1.2. Uncertainty of the empirical parameter 
 
To simplify the calculation of the EnergyPlus theoretical models, empirical parameters are used as formula 
factors along with uncertainty. 
With the calculation of Outside Surface Heat Balance module as an example, to calculate the convective flux 
exchanged with outside air, EnergyPlus provides five computing methods: SimpleCombined, TRAP, MoWiTT, 
DOE-2, and AdaptiveConvectionAlgorithm. Using the SimpleCombined method as an example, convective heat 
transfer coefficient, which is the most important parameter, is calculated using the equation 
h   D  EV  FV 2     , G , z,D ,D ) , 
z z met met met 
where the roughness coefficients D, E, and F are empirical values derived from the ASHRAE Handbook of 
Fundamentals (ASHRAE 1989). However, these values are not accurate and empirical parameter uncertainty arises. 
 
3.1.3. Uncertainty of the measured parameter 
 
Several variables related to architectural geometry (e.g., outside surface angle, height of the wall, etc.) and 
thermal building properties (e.g., material density, thermal conductivity, hygroscopic coefficient, surface absorptivity, 
etc.) can be determined through geometric modeling or measurement. In this modeling, the variables related to the 
geometric model are measured in the model, and thermal properties are usually identified  by measuring several 
samples to obtain the value distribution. 
For example, engineers generally use a spectrophotometer to measure surface absorptivity. Among the current 
studies, Li [14] fully studied the surface absorptivity of exterior wall decoration materials. Specifically, he examined 
55 types of common exterior wall decoration materials and developed 165 samples for each type, considering the 
differences in color, roughness, and type. From this study, the uncertainty of measured parameters can be defined 
following the measuring error theory. 
 
3.2. Three Novel Methods of Introducing Uncertainty into Energy Simulation Models 
 
Using an energy simulation model to assist a building energy-efficient design can clearly improve the accuracy 
of the design. How then should we quantify the influence of calculation uncertainty? Following the principal theory 
of energy simulation models, proceeding from the three parts (inputs, theoretical module, and outputs) of these 
models separately, the three novel methods are proposed to introduce uncertainty into the calculating model: 
Method 1: Analyze the theoretical model in detail and define the uncertainty of each important input parameter. 
Then, study the influence of inputs on outputs by deducing the transfer functions stepwise. However, this method 
entails difficulty in two aspects: (1) the definition of the range of inputs and (2) the derivation of the transfer 
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functions. The first difficulty is that we do not know how to quantify the uncertainty of different sources. 
Method 2: Analyze the theoretical model in detail and introduce uncertainty into the transfer functions. 
Compared with method 1, this method is aimed at changing the transfer functions as a consequence, and its technical 
difficulty level is higher. 
Method 3: Define the uncertainty of inputs, calculate the conditioning loads, analyze the relationship between 
the two, and explain the reasons for such a relationship based on the theoretical model. The objective of method 3 is 
to cast aside the theoretical derivation and focus on the uncertainty of inputs and outputs. 
Comparing method 1 and method 2, the advantage of method 2 is that it introduces uncertainty once for all. 
Once the theoretical model has been revised, it can be applied to various cases. However, this method is also flawed 
because it is based on adequate data support and solid building physics knowledge to revise simulation models. 
 
Fig. 1. (a) principle of method 1; (b) principle of method 2; (c) principle of method 3 
 
4. The Technique to Introduce Uncertainty Sources into EnergyPlus 
 
How do we introduce uncertainty for the input data of EnergyPlus from a technical perspective? This article 
presents the novel approach of integrating EnergyPlus into modeFRONTIER. 
ModeFRONTIER is an integration platform for multi-objective and multi-disciplinary optimization. This 
platform provides seamless coupling between third-party engineering tools, enables the automation of the design 
simulation process, and facilitates analytical decision making. 
The integration of EnergyPlus and modeFRONTIER increases the convenience of using embedded 
mathematical algorithms to define the uncertainty range of input parameters and to apply its posterior data analysis 
function to analyze the relationship between inputs and outputs. 
Using the integration process and method 3, this article develops the technique of introducing uncertainty into 
EnergyPlus through the integration method. As shown in Figure 2, the red rectangle boxes represent the three main 
parts of the process: box 1 includes the definition and selection of inputs which comes from the input file 
EnergyPlus, box 2 is the definition of the uncertainty range, and box 3 contains the different calculation results of 
outputs. The uncertainty distribution in box 2 determines the outputs in box 3. DOSBacth is a file where we can call 
EnergyPlus through editing a command in the DOS interface. After calculating, we can obtain the effect degree of 
various inputs on the same output parameters through data analysis. 
This process not only can identify the effect degree of different uncertainty sources but also predict the most 
energy efficient design accurately. This type of energy consumption prediction considers several factors and is 
therefore more reliable than simply calculating a conditioning load when assuming each input as a particular value. 
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Building an energy-efficient design is an indispensable part of architectural design. In practice, the effect of 
such a design relies on both subjective and objective factors, which are usually uncertain during the design process. 
Therefore, this article classifies all the uncertainty sources into two categories, subjective uncertainty and 
objective uncertainty (i.e., uncertainty of energy consumption calculation model). Compared with subjective 
uncertainty, objective uncertainty can be quantified more easily. Taking EnergyPlus as an example, the uncertainty 
sources in this energy consumption calculation model can be divided into three detailed categories, namely, 
uncertainty of weather data, uncertainty of empirical parameters, and uncertainty of measured parameters. Three 
methods are then proposed to define the uncertainty ranges for these uncertainty sources. In method 3, a concrete 
technical approach is proposed so that EnergyPlus can be integrated into modeFRONTIER to assist the definition 
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